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structures years before any clinical symptoms are present. Atrophy is most commonly captured as volume change of key structures and the shape changes of these structures are typically not analysed despite being potentially more sensitive than summary volume statistics over the entire structure.
In this paper we propose a spatiotemporal analysis pipeline based Large Diffeomorphic Deformation Metric Mapping (LDDMM) to detect shape changes from volumetric MRI scans. We applied our framework to a cohort of individuals with genetic variants of frontotemporal dementia and healthy controls from the Genetic FTD Initiative (GENFI) study. Our method, take full advantage of the LDDMM framework, and relies on the creation of a population specific average spatiotemporal trajectory of a relevant brain structure of interest, the thalamus in our case. The residuals from each patient data to the average spatiotemporal trajectory are then clustered and studied to assess when presymptomatic mutation carriers differ from healthy control subjects.
We found statistical differences in shape in the anterior region of the thalamus at least five years before the mutation carrier subjects develop any clinical symptoms. This region of the thalamus has been shown to be predominantly connected to the frontal lobe, consistent with the pattern of cortical atrophy seen in the disease.
Keywords: Shape, thalamus, spatiotemporal geodesic regression, parallel transport not consistent across all cases, and in some cases, there is no evidence of an asymmetry.
As this asymmetry is likely to start early in the disease process, it must be taken into 24 account when looking to detect early changes with any sensitivity. 25 One biomarker that shows promise during the presymptomatic phase is measurement 26 of atrophy derived from structural magnetic resonance imaging (MRI) [5, 2, 6] Volumes 27 summarizing change within a region of interest (ROI) tend to be more sensitive to early 28 change than voxelwise approaches, but they do not provide any spatial localisation as 29 to where the atrophy is occurring within the ROI. Conversely, voxelwise analysis can 30 provide better spatial localisation, but the mass univariate nature of the analysis requires 31 correction for multiple comparisons to control for false positive findings, which often 32 results in reduced sensitivity. As loss of brain volume will imply a change in the shape of 33 the structure, a third option is to perform the shape analysis over time for a structure of 34 interest. This could provide more spatial information than a single summary measure of 35 volume alone, but does not require the same level of multiple comparisons as a voxelwise 36 analyses. Given the decades long nature of the disease process, it is not yet feasible 37 to measure the complete time course within one individual. Therefore, the pattern 38 of atrophy over the course of the disease must be estimated through spatiotemporal 39 regression models based on large populations of either cross-sectional data or through 40 longitudinal data that covers a smaller segment (i.e. a few years) of the disease process 41 within each individual.
42
There have been numerous approaches to spatiotemporally model trajectories of age-43 ing and dementia. Some methods model this evolution using dense 4D deformation fields 44 to measure change between timepoints. Lorenzi et al.
[7] modelled the 4D deformation 45 fields within a population to obtain subject-specific measurements of atrophy. An ex-46 tension of this work discriminated spatiotemporal patterns that could be attributed to natural ageing versus to those that were related to disease [8] . Other groups estab- Figure 1 : Overview of the proposed regression approach. The temporal axis indicates the time variable attached to the data. The residual deformations (step 2) ρ i parametrised by (φ(B 0 , t i ); α i (0)) computed from the common trajectory (step 1) φ parametrised by (B 0 ; β 0 ), can not be analysed because they are defined on different spaces i.e. φ(B 0 , t i ). They have to be transported to a common space (i.e. B 0 ) along the geodesic φ, so they can be analysed (step 3). estimation, and (iii) the normalisation of the initial momentum of ρ i through parallel points number and position are independent from the shapes being deformed as they do 117 not require to be aligned with the shapes' vertices. They are used to define a potentially 118 infinite-dimensional basis for the parametrization of the deformation. Momentum vec-119 tors are associated with the control points and are used as weights for the decomposition 120 of a given deformations onto this basis.
121
Deformation maps ϕ v : R 3 → R 3 are built by integrating time-varying vector fields (v t ) 0≤t≤1 , such that each v(·, t) belongs to a Reproducing Kernel Hilbert Space (RKHS) V with kernel K V . We use a Gaussian kernel for all control points x, y:
with Id the identity matrix, and λ a scale factor which determines the size of the kernel and therefore the degree of smoothness of the deformations. We define ϕ v (x) = φ v (x, 1) as the diffeomorphism induced by v(x, t) where φ v (x, 1) is the unique solution of the differential equation:
Velocity fields v(·, t) are controlled via an energy functional
where · V is a Hilbert norm defined on vector fields of R 3 , which is used as a regularity term in the matching functional to penalises non-regularity. In the LDDMM framework, matching two shapes S and T requires estimating an optimal deformation map φ :
where γ balances the regularity of φ v against the spatial proximity d, a similarity measure 122 between the varifold representation of ϕ v (S) and T noted respectively [ϕ v (S)] and [T ].
123
In a discrete setting, the vector fields v(x, t) corresponding to optimal maps are expressed as combinations of spline parametrised fields that involve the reproducing Due to the asymmetry of the disease, the proposed framework has been designed so 148 that it is unbiased to the affected side. For each subject, rather than considering the 149 left or right structure, we build a mean shape by averaging both sides. First, we flip all 150 input T1w brain images, in order to have all structures, left and right, on the same side, 151 right. Second, we affinely align the T1w brain images (the original and the flipped once) 152 to a subject-specific mid-space [20] before rigidly refining the alignment of the structure 153 of interest, that has been segmented using the method proposed by Cardoso et al. [21] . 154 Third, we extract the meshes of the left (flipped, L i ) and right structures (R i ), and 155 compute the mean shape, by estimating the diffeomorphisms χ
The spatiotemporal regression of the set of shapes {(S i , t i )} i∈{0;...;N −1} is implemented in the Deformetrica software [24, 25] 2 . The EYO values are discretised into T time points. Starting from B 0 at time t = 0, a geodesic moving through the positions φ(B 0 , t), ∀t ∈ {0; ...; T } is computed by minimising the discrepancy between the model at time t (i.e. φ(B 0 , t)) and the observed shapes S i :
with v the time-varying velocity vector field that belongs to the RKHS V determined by the Gaussian Kernel K. The initial momentum vectors β 0 (0) = {β 0 p (0)} 1≤p≤N B 0 is defined on the control point grid overlay on the baseline shape B 0 and fully encodes the geodesic regression parametrised by {B 0 ; β 0 (0)}.
171
We then compute the residuals diffeomorphic deformations ρ i between every obser-172 vation and the spatio-temporal average shape by estimating a geodesic between φ(B 0 , t i ) In order to be able to compare this set of momenta, we gather them in the same Euclidean space. This is achieved by transporting all momenta into the initial space of B 0 = φ(B 0 , 0), using a parallel transport method based on Jacobi fields as introduced in [26] . Parallel transporting a vector along a curve (the computed trajectory parametrised by (B 0 ; β 0 (0))) consists in translating it across the tangent spaces along the curve by preserving its parallelism, according to a given connection. The Levi-Civita connection is used in the LDDMM framework. The vector is parallel transported along the curve if the connection is null for all steps along the curve [27] . We use Jacobi field instead of the Schild's Ladder method [28] , to avoid the cumulative errors and the excessive computation time due to the computation of Riemannian Logarithms in the LDDMM framework, required for the Schild's Ladder. The cumulative errors would have differed from subject to subject and thus introduce a bias. Indeed, their distances from the baseline shape vary, as they all are at different points along the temporal axis. The Jacobi field, used to transport a vector α i (0) from a time t to the time t 0 = 0 along the geodesic γ, is defined as:
The transported initial momentum vector α i (0) is noted θ i (0). After parallel transport-179 ing all residuals, all initial momentum vectors are defined in B 0 . To do so, we defined a similarity measure derived from the positions of the con- mutation carrier status and EYO, sex and the site in which the subject has been scanned.
247
A random intercept for family allows values of the marker to be correlated between family 248 members.
249
We performed a Wald test for every model, assessing the difference between the 250 mutation carrier group and the non-carrier group, and the evolution of differences across 251 time. For each analysis with statistically significant differences between both groups, 252 further Wald tests were conducted every 5 years as in the volumetric analysis [2] to 253 assess how long before the expected onset we could detect changes between mutation 254 carriers and controls. Ampl. T1 p = 0.48 p = 0.51 p =1.5e-3 (*) p = 0.08 p = 0.76 χ 2 df =2 = 1.43 χ 2 df =2 = 1.35 χ 2 df =2 = 12.94 χ 2 df =2 = 5.10 χ 2 df =2 = 0.55 T2 p = 0.24 p = 0.26 p =1.5e-3 (*) p =0.04 p = 0.68 χ 2 df =1 = 1.37 χ 2 df =1 = 1.28 χ 2 df =1 = 10.08
T1 p =2e-4 (*) p = 0.12 p = 0.85 p = 0.63 p = 0.08
p =9e-4 (*) p =0.05 p = 0.62 p = 0.34 p =0.04
The orientation of the cluster 1 deformation shows significant differences between the 269 mutation carriers and controls, 5 years before EYO (p = 0.03), the uncorrected for this 270 cluster is p = 2e -3, to keep a head to head comparison with the previous studies on 271 this dataset [2, 13] in which the p-values at -5 EYO was significant but higher than the maximum displacement for cluster 4 is about 3 mm, against 9 mm for cluster 1.
279
Deformations affect more the anterior part of the thalamus.
280
Since the number of clusters used (10), is an arbitrary choice, we tried to reproduce the 281 results with different number of clusters. We performed the analysis for 2, 4, 6, 8, 10, 12, 282 14 and 16 clusters. For 6 clusters and 16 clusters, there were differences in orientation for 283 one of the clusters which deformation corresponds to the one of cluster 1 (see Figure 3 ).
284
From 8 clusters to 14 clusters, we found a cluster with strong differences 5 years before 285 the expected onset (p < 0.01) in orientation whose deformation corresponds again to 286 the one of the cluster 1 (p = 0.003). The change in orientation for the deformation 287 recovered within cluster 1 (see Figure 3) We applied a novel method of statistical shape analysis to a cohort of individuals with 293 genetic FTD in order to localise any presymptomatic differences present in the shape of 294 the thalamus. From the analysis, we conclude that differences are observed five years 
304
The results of those studies seem to indicate that shape changes occur before volume 305 changes. As many regions of the thalamus contain a mixture of grey and white matter, 306 these shape changes may reflect subtle shifts in the ratio between these two tissue types Figure 3 : Deformation obtained by the momentum vectors (displayed here and coloured by amplitude) of Cluster 1 and Cluster 4. The colour map is in millimetres and indicates the displacement due to the corresponding deformation (blue meshes). The scale for Cluster 1 range from 0 mm to 9 mm, and from 0 mm to 2.8 mm for Cluster 4.
The small numbers in each group precluded any analysis of the individual genetic 322 types, but it will be important to investigate future data freezes from the GENFI study 323 with larger numbers, particularly the C9orf72 group who have been shown to have early 324 thalamic involvement [32] .
325
Future studies should also evaluate the initial momentum vectors of individual geodesic 326 evolution of shapes from each subject, through longitudinal data. Those individual evo-327 lutions will provide information on the differences of evolutions of shape between the 328 mutation carriers and the controls. 
